Recent advances in forest ecosystem modeling allow the simulation of a suite of dynamics 1 from site-to landscape-scale. In order to scale models efficiently from trees to landscapes, different 2 model reduction strategies are employed. Yet, the results of these strategies and the assumptions 3 they entail are rarely compared. Here, we conducted a model intercomparison exercise using two 4 such forest biogeochemistry models, PPA-SiBGC and LANDIS-II NECN. We simulated past-decade 5 conditions at flux tower sites in Harvard Forest, MA, USA and Jones Ecological Research Center, GA, 6 USA. We mined the wealth of field data available for both sites to perform model parameterization, 7 validation, and intercomparison. We assessed model performance using the following time-series 8 metrics: net ecosystem exchange, aboveground net primary production, aboveground biomass, C, 9 and N, belowground biomass, C, and N, soil respiration, and, species total biomass and relative 10 abundance. We also assessed static observations of soil organic C and N, and concluded with 11 an assessment of general model usability, performance, and transferability. Despite substantial 12 differences in design, both models achieved good accuracy across the range of metrics. While 13 LANDIS-II NECN performed better for interannual NEE fluxes due to its basis in the Century model, 14 the PPA-SiBGC model indicated better overall correspondence to observational data for both sites 15 across the 11 temporal and 2 static metrics tested (HF-EMS R 2 = 0.73, +0.07, RMSE = 4.84, 10.02; 16 JERC-RD R 2 = 0.76, +0.04, RMSE = 2.69, 1.86). forest biogeochemistry model; forest landscape model; model intercomparison; Harvard Forest; Jones 19 Ecological Research Center 20 1. Introduction 21 Forest models are thought to have began 350 years ago in China with yield tables known as 22 the Lung Ch'uan codes, invented by a women of the Kuo family in Suichuan county, Jiangxi [1]. It 23
The Net Ecosystem Carbon and Nitrogen (NECN) model [42] is a simplified variant of the classical 179 Century model [19, 20] . The original ten soil layers in Century have been replaced by a single soil layer, 180 with functions for growth and decay borrowed directly from Century v4.5. The NECN succession 181 model Figure 1 is thus a process-based model that simulates C and N dynamics along the plant-soil 182 continuum at a native monthly timestep. The PPA-SiBGC model belongs to the SORTIE-PPA family of models [33, 36] within the SAS-PPA 194 model genre, based on a simple and analytically tractable approximation of the classical SORTIE 195 gap model [63, 64] . The Perfect Plasticity Approximation, or PPA [33, 34] , was derived from the dual 196 assumptions of perfect crown plasticity (e.g., space-filling) and phototropism (e.g., stem-leaning), both 197 of which were supported in empirical and modeling studies [36] . The discovery of the PPA was rooted 198 in extensive observational and in silico research [33] . The PPA model was designed to overcome the most computationally challenging aspects of gap models in order to facilitate model scaling from the 200 landscape to global scale. 201 The PPA and its predecessor, the size-and-age structured (SAS) equations [30, 65] , are popular 202 model reduction techniques employed in current state-of-the-art terrestrial biosphere models [13] . The
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PPA model can be thought of metaphorically as Navier-Stokes equations of forest dynamics, capable of 204 modeling individual tree population dynamics with a one-dimensional von Foerster partial differential 205 equation [33] . The simple mathematical foundation of the PPA model is provided in Equation 1.
where k is the number of species, j is the species index, N j (z) is the density of species j at height z, 207 A j (a ⇤ , z) is the projected crown area of species j at height z, and dz is the derivative of height. In other 208 words, we discard the spatial location of individual trees and calculate the height at which the integral 209 of tree crown area is equal to the ground area of the stand. This height is known as the theoretical z ⇤ 210 height, which segments trees into overstory and understory classes [33] . 211 The segmentation of the forest canopy into understory and overstory layers allows for separate 212 coefficients or functions for growth, mortality, and fecundity to be applied across strata, whose first 213 moment accurately approximates the dynamics of individual-based forest models. Recent studies have 214 shown that the PPA model faithfully reduces the dynamics of the more recent neighborhood dynamics 215 (ND) SORTIE-ND gap model [66] and is capable of accurately capturing forest dynamics [67, 68] . 216 In this work, we applied a simple biogeochemistry variant of the SORTIE-PPA model, PPA-SiBGC A table of observed species abundances for the 2009-2013 period are provided in Table 4 . The areal extent of the single-site model intercomparisons were designed to correspond to 299 available field measurements. At both sites, tree inventories were conducted in 10,000 m 2 , or 300 one-hectare, areas. All target metrics were converted to an annual areal basis to ease interpretation, 301 comparison, and transferability of results. Importantly, an areal conversion will allow comparison to 302 other sites around the world. While flux tower measurements for both sites were already provided 303 on an areal (m 2 ) basis, many other variables were converted to harmonize metrics between models 304 and study sites. For example, moles CO 2 measurements were converted to moles C through 305 well-described molecular weights, all other measures of mass were converted to kg, and all areal and 306 flux measurements were harmonized to m 2 . A table of metrics and units used in the intercomparison 307 of LANDIS-II and PPA-SiBGC is provided in Table 5 . 
Soil respiration C kg C m 2 year 1 ANPP Aboveground net primary production kg mass m 2 year 1 B Sp Species aboveground biomass kg mass m 2 n Sp Species relative abundance % In the subsequent section, we describe the model intercomparison methodology. .
where n is the sample size, y i is the ith observed value,ŷ i is the ith predicted value, y is the mean 324 observed value, andŷ is the mean predicted value. The calculation of RMSE follows the standard 325 formulation, as shown in Equation 3.
where n is the sample size and e t is the error for the tth value, or the difference between observed .
where again n is the sample size and e t is the error for the tth value. Our calculation of mean 329 error (ME) or bias is the same as MAE, but without taking the absolute value.
While Nash-Sutcliffe efficiency (NSE) is often used in a simulation model context, we selected 332 the Bravais-Pearson interpretation of R 2 over NSE to simplify the interpretation of results. The NSE 333 metric replaces 1 (SS predictions /SS observations ) with (SS observations SS predictions )/SS observations , where 334 SS is the sum of squares. Thus, NSE is analogous to the standard R 2 coefficient of determination used 335 in regression analysis [81] . The implementation of R 2 that we selected is important to note, as its 336 results are purely correlative and quantify only dispersion, ranging in value between 0 and 1. This has 337 some desirable properties in that no negative or large values are produced, and that it is insensitive to 338 differences in scale. Regardless of the correlation metric used, complementary metrics are needed to 339 quantify the direction (i.e., bias) and/or magnitude of error. We rely on RMSE and MAE to provide 340 information on error or residual magnitude, and ME to provide information on bias. We utilize a 341 visual analysis to assess error directionality over time, as this can be poorly characterized by a single 342 coefficient, masking periodicity.
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We compute R 2 , RMSE, MAE, and ME for time-series of the metrics described in Table 5 on 344 page 10. These include NEE, above-and below-ground biomass, C, and N, soil organic C and N, soil 
Results and Discussion

367
Both PPA-SiBGC and LANDIS-II NECN showed strong performance for pools at the two model 368 intercomparison sites, frequently achieving R 2 values approaching unity. Yet, both models showed 369 weak performance for fluxes. The models failed to accurately predict ANPP, while PPA-SiBGC showed 370 stronger r soil performance and LANDIS-II NECN showed stronger NEE performance. The R 2 values 371 for both models and sites are visualized in Figure 3 . where this is the case, while the correlation of this metric to observed values was also lower than that 388 of PPA-SiBGC. Overall results for the HF-EMS site model intercomparison are shown in Table 7 . model predictions in order to assess the ability of models to capture interannual variability. Both 391 models effectively captured temporal dynamics in biomass, C, and, species biomass and abundance.
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In Figure 4 , the temporal differences in modeled NEE and aboveground C are shown for the two 393 models in comparison to observations for the HF-EMS site. While LANDIS-II NECN predicted NEE 394 showed a higher correlation with observations, the magnitude of error and bias were also higher.
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Furthermore, LANDIS-II NECN predicted that the HF-EMS site is a net C source, rather than sink, in For the JERC-RD site, both models showed stronger fidelity to data than for the HF-EMS site. While both models showed higher performance at the JERC-RD site, an analysis of simulated 417 species biomass and abundance again indicates greater fidelity of the PPA-SiBGC model to data, as shown in Figure 6 . While LANDIS-II NECN overpredicts the rate of longleaf pine growth, PPA-SiBGC 419 nearly perfectly matches observed species abundance and biomass trajectories for all species present.
420
While the correlations are high, PPA-SiBGC overpredicts the magnitude of biomass here.
421
[a] The following abbreviations are used in this manuscript:
Ease of parameterization
611
ANPP
Aboveground net primary production API (µmol CO 2 m 2 ), and NEE (µmol C m 2 ) for the RD flux tower are shown in Figure A3 . Below, we provide maps of the two research sites for reference. First is the HF-EMS EC flux tower 873 with landcover classes Figure A5 . Next is the JERC-RD flux tower with landcover classes Figure A6 . Figure A6 . JERC-RD flux tower and landcover classes 
